We analyse the relationship between unemployment and self-assessed health using the European Community Household Panel (ECHP) for Finland over the period 1996-2001. Our results reveal that the event of becoming unemployed does not matter as such for self-assessed health. The health status of those that end up being unemployed is lower than that of the continually employed. Hence, persons who have poor health are being selected for the pool of the unemployed. This explains why, in a cross-section, unemployment is associated with poor self-assessed health. However, we are somewhat more likely to obtain the negative effects of unemployment on health when long-term unemployment is used as the measure of unemployment experience.
Introduction
The welfare effects of unemployment have been considered in many strands of research.
Several empirical studies ranging from research papers in medicine to those in the social sciences and economics have shown that unemployment is associated with adverse health outcomes (e.g. Björklund and Eriksson, 1998; Mathers and Schofield, 1998) .
Both cross-sectional and panel data sets and both objective and subjective measures of health have been used in this literature. Furthermore, the relationship between health and subsequent unemployment has been examined (e.g. Arrow, 1996; Riphahn, 1999) .
There is some evidence that poor health is associated with subsequent unemployment.
On the other hand, the growing research on the determinants of happiness in economics reports that the unemployed are very unhappy if they are evaluated by standard subjective measures (e.g. Clark and Oswald, 1994; DiTella et al. 2001) . There are also some recent studies that have looked at unemployment and the subsequent evolution of the subjective measures of well-being, most notably happiness and life satisfaction, in a panel data setting (e.g. Lucas et al. 2004; Clark, 2007) , but the available empirical evidence is still sparse in this respect.
In this paper, our purpose is to analyse the evolution of self-assessed health in a panel data setting before and after the event of unemployment occurs and also when unemployed persons become employed again in order to disentangle the causal effect of unemployment on health. In contrast to most of the earlier studies, we apply differencein-differences models and matching methods. In particular, the use of matching methods allows us to take into account the selection for unemployment and the possibility of reverse causality from poor health to unemployment. Previously, this selectivity issue 1 has mainly been tackled by using plant closings as instruments for unemployment (e.g. Kuhn et al. 2004; Browning et al. 2006 ).
Our most important empirical finding is that the event of unemployment does not matter as such for self-assessed health in a panel data setting. The health status of those that end up being unemployed is lower than that of the continually employed before their unemployment episodes actually start. Hence, persons who have poor health are being selected for the pool of the unemployed. This explains why, in a cross-section, unemployment is associated with poor self-assessed health. However, we are somewhat more likely to obtain the negative effects of unemployment on health when long-term unemployment is used as the measure of unemployment experience.
We take advantage of the European Community Household Panel (ECHP) for Finland, which is a representative household survey. The ECHP has not been much exploited in the literature on the determination of self-assessed health (see, however, Hildebrand and van Kerm, 2004, and Cantanero and Pascual, 2005) . The data span the period 1996-2001. As a result, it covers a period long enough reliable results about the adverse effects of unemployment on health to be obtained. The effect of unemployment on a subjective measure of health is interesting in the current Finnish context, because the national unemployment rate surged very rapidly from 3 to 17 per cent in the early 1990s.
1 Such an increase has been unprecedented among the industrial countries. High unemployment may reduce the negative subjective health effects that are associated with the personal experience of unemployment, because less stress and social stigma may arise from being unemployed in times of high unemployment (e.g. Lindbeck et al. 1999; Clark, 2003) . This point is relevant, because the relatively high unemployment rate has persisted in Finland since the great depression of the early 1990s. Importantly, persistent unemployment is helpful when investigating the relationship between health and unemployment, because there are a great number of unemployment episodes that start at any given point of time that allow us to analyse the causal effect of unemployment on health in detail. In addition, long-term unemployment rose a great deal in Finland during the 1990s. This is useful when investigating the habituation effects on unemployment.
Measures of self-assessed health are widely used in empirical research. Despite this, there is still some amount of scepticism regarding the use of self-reported data on health. In particular, subjective measures of health that often originate from household surveys can be criticised on the ground that they provide potentially biased information about persons' health for the very reason that they are self-reported. Accordingly, selfreported information on health cannot be as reliable as that based on the objective measurement of health. However, various subjective measures of health have been proven to have substantial value in predicting objective health outcomes, including morbidity and mortality (e.g. Idler and Benyamini, 1997; Franks et al. 2003; Van Doorslear and Jones, 2003) . 2 For that reason alone they are worth analysing.
The paper proceeds as follows. Section 2 presents a summary of the earlier Finnish studies on the effect of unemployment on health. Section 3 provides a description of the data. Section 4 reports our results. Section 5 concludes the paper.
Earlier evidence from Finland
There is a large international literature on the connections between unemployment and health. Since we are using Finnish data in the empirical study, we illustrate different kinds of approaches by using previous Finnish studies as examples.
Many of the earlier studies are based on the simple comparison of population averages.
The results concerning the connection between unemployment and health are, for the most part, mixed (e.g. Martikainen and Valkonen, 1996; Lahelma et al. 1997) . Based on these studies, it seems that the health status of the unemployed slightly improved in
Finland during the 1990s. There are two potential explanations for this pattern. First, there are more healthy individuals in the pool of unemployed persons during the times of high unemployment, because there may be less selection in the process to become unemployed. For instance, unemployment incidence rose a great deal across all education levels during the great depression of the early 1990s. Second, it is possible that the social stigma from being unemployed has somewhat decreased during the times of high unemployment and has thus mitigated the potential negative effects of unemployment on health.
From the macroeconomic perspective, Jäntti et al. (2000) by exploiting municipal data over the period 1987-1994 discover, that regional unemployment was not associated with an increase in mortality among Finns during an episode of rapidly increasing average unemployment. One possible way to interpret this result is to say that the welfare state managed to insulate many of the negative effects of rising aggregate unemployment on health.
Closest to our paper are the earlier Finnish studies that follow the same individuals over time through the use of panel data. In contrast to papers that rely solely on the comparison of population averages, these studies provide somewhat more robust empirical evidence for the view that unemployment leads to deterioration in measures of health (Lahelma, 1989; Leino-Arjas et al. 1999; Nyman, 2002) . In contemporaneous work, Martikainen et al. (2007) discover that workplace downsizing and workplace closures increase mortality among the affected workers, but the effects are modest in the context of high unemployment or rapid downsizing. Still, the underlying causal relationship between unemployment and health remains largely unsolved and has not been examined in the same way as in some papers in the international literature (e.g. Kuhn et al. 2004; Browning et al. 2006) , where plant closings have been exploited as exogenous shocks that cause unemployment. Furthermore, some of the earlier studies (e.g. Leino-Arjas et al. 1999 ) have been based on very restricted samples covering special groups of workers and this makes it rather difficult to generalize the results obtained.
Related to our research are also earlier empirical findings (Böckerman and Ilmakunnas, 2006 , using the World Values Surveys 1991 , 1996 Ervasti and Venetoklis, 2006 , using the European Social Survey 2002 /2003 according to which experiencing unemployment does not have a significant negative effect on the level of happiness (conditional on income) in Finland. However, in these studies the data have been separate cross-sections, making it hard to isolate the causal influences.
Data
Our In this paper, we focus on transitions between work and unemployment or vice versa.
Hence, we exclude persons who are out of the labour force, like retirees and students.
One's self-assessed health status is an answer to the question: "How is your health in general?". This question aims to summarise an individual's general state of health at the moment of interview. Self-assessed health is measured on an ordinal 5-point Likert scale with alternatives 5 ('very good'), 4 ('good'), 3 ('fair'), 2 ('bad') or 1 ('very bad').
Hence, a higher value on this scale means that a person feels currently healthier. 4 A similar question on self-assessed health appears in many other well-known household surveys such as the British Household Panel Survey (BHPS) and the German Socio-Economic Panel (GSOEP). There are two recent papers that have analysed the determination of self-assessed health by using the ECHP for various countries. Hildebrand and Van Kerm (2004) focus on the connection between income inequality and self-assessed health by using the ECHP for 11 countries. Cantarero and Pascual (2005) investigate the relationship between socio-economic status and health by using the ECHP for Spain. To our knowledge, the effect of unemployment on self-assessed health has not been examined previously through the use of the ECHP.
We study persons that are unemployed at least once over the period 1996-2001. The reference group consists of those that are continually at work. This means that unemployed persons are compared with persons with a strong attachment to the labour market. The ECHP does not incorporate direct information about the unemployment duration for the persons interviewed. However, the data record monthly activity statuses clearly lower than that of the employed and it also deteriorated somewhat during the 1990s. Furthermore, the health status of the long-term unemployed is lower than that of all unemployed.
=== FIGURE 1 HERE === Table 1 reports a cross-tabulation of the self-assessed health and unemployment status.
This simple characterization of the data provides some evidence that the health status of those who are currently unemployed is lower than that of the employed. In particular, long-term unemployment seems to damage self-assessed health. However, it is important to keep in mind that this kind of purely descriptive analysis that exploits solely the cross-sectional variation in the data is not able to reveal anything about the underlying causal relationship between unemployment and health.
=== TABLE 1 HERE ===
To shed light on the causal relationship, we need to take advantage of the panel dimension of the ECHP. Accordingly, it is useful to illustrate the changes in health around the beginning of unemployment episodes. Those with poor or good health tend to converge towards the average. Clearly, we cannot say that on average becoming unemployed leads to a fall in health. 6 Figure 3 shows the same kind of diagram drawn using data from all two-year periods where the individuals were employed in both periods. We can see that even in this case there is a regression towards the mean. The main difference between Figures 2 and 3 is that in Figure 2 those who have low self-assessed health in the first period do not converge as much to the average as those with low health in Figure 3 . That is, those with low health while employed tend to stay at a relatively low health level when they become unemployed. However, in general, we cannot say that those becoming unemployed converge to a different mean health level than those in continuous employment.
== FIGURES 2 AND 3 HERE ===
The relationship between health and unemployment can also be evaluated in another way by looking at changes in the subjective perception of health status when a person switches from unemployment to employment. Figure 4 shows the Galton squeeze diagram for those who are unemployed in the first period, but employed in the second period. The pattern in Figure 4 is similar to the previous figures, except for the line starting from 1 which is, however, based on only two observations.
=== FIGURE 4 HERE ===
One problem clearly revealed by Figures 2-4 is that the regression towards the mean is partly driven by the fact that health cannot improve beyond level 5 and hence for those at level 5, the level in the next period is likely to be on average below 5. Similarly, health cannot fall below level 1 and hence for those at level 1, the level in the next period is likely to be on average above 1. It is therefore likely that controlling for the initial level of health is necessary when one is studying changes in the health scores. 
Difference-in-differences estimates
To analyse the relationship between unemployment and health more closely, we estimate difference-in-differences models in which an individual's self-assessed health is explained with a dummy variable for the "unemployment target group" that consists of persons that become unemployed at least once during the period 1996-2001, a dummy variable for those currently unemployed after a period of employment (the dummy is equal to one in all the years of unemployment after an employment spell), a dummy for the "employment target group" that consists of those who become employed at least once, a dummy for those employed after a period of unemployment (the dummy is equal to one in all the years of employment after an unemployment spell), a dummy for those who are unemployed for the whole data period, and year dummies to capture the effect of business cycle fluctuations. In some of the models we also include individual-level control variables X, age and its square, gender and the level of education in three categories, which capture the 'usual suspects' that should have a bearing on the self-assessed level of health, 9 and the health status in the previous period.
This analysis of changes in health status assumes that self-assessed health is measured on a cardinal scale, and not on an ordinal scale, and that both experiencing unemployment and becoming employed after a period of unemployment are exogenous events. The estimated model is
The average health level for those in continuous employment is α, for those who become unemployed at some stage but are currently employed α + β, for those who become unemployed α + β + γ, for those who become employed at some stage but are currently unemployed α + φ, for those who become employed α + φ + µ, and for those who are unemployed for the whole period α + η. It is possible that some individuals become unemployed in some period and employed in some other period (or vice versa), so that they belong to both "target groups". For them, the "basic" level of health is α + β + φ and it is changed by γ (µ) when they become unemployed (employed). The coefficients of the indicator variables from the OLS estimation of model (1) There may be unobserved attributes of the individuals that affect both the level of health experienced and the probability of being unemployed. To account for this, we estimate the model with fixed effects using the within transformation. In this case, the timeinvariant group indicators are left out (and the gender dummy is excluded from the controls). The estimated model is
The results with and without control variables and without lagged health are shown in Columns 3 and 4 of Table 2 . Again, the indicators for being unemployed after employment and for being employed after unemployment are not statistically significant. Hence, there is no clear impact of unemployment on health.
The above results are based on treatment of the health scores as cardinal variables. 11 It is likely, however, that the respondents do not treat health level 3, for example, as three times as good as level 1. We therefore estimated the difference-in-differences model (1) also using ordered logit. In this case we assume that Health is a continuous latent The descriptive analysis of the data suggested that it may be worthwhile to include lagged health status as an explanatory variable. In addition, past health may have an impact on becoming unemployed, which can be controlled by including the lagged health variable in the regression. means of the characteristics (to proxy fixed effects) and initial levels of the lagged health status dummies in a random effect ordered probit estimation (see Wooldridge, 2002 ). The results are relatively similar to the ordered logit estimates.
Propensity score matching estimates
To evaluate the robustness of the basic results that are based on regression-based models further, we estimate propensity score matching models. 14 Persons with certain observable characteristics are much more likely to be unemployed. For instance, the less educated face disproportionate difficulties in the labour market. The key idea of propensity score matching is to construct a control group from the group of untreated individuals and to ensure that the control group is as similar as possible to the treatment group with respect to available observable characteristics. In our case, the treatment is becoming unemployed (or becoming employed) and we study its effect on self-assessed health. In particular, we need not worry about the endogeneity of becoming unemployed (or employed).
Matching has some important advantages over regression-based methods that were used to produce the basic results. Being a non-parametric method, matching does not impose any specific linearity assumptions on the evaluated effects that are inherent in regression-based modelling. Furthermore, matching explicitly tries to find for each untreated unit a similar treated unit to evaluate the counterfactual, i.e. what would happen to the treatment group without the treatment. As a drawback, it has to be assumed that there are no unobservable factors that affect the individuals' probability of becoming unemployed. Controlling for the observable factors, the outcome (health) is assumed to be independent of the treatment status (conditional independence or unconfoundedness assumption). One need not control for all the observable factors at the same time, but it suffices to condition on the propensity score, i.e. the probability of treatment. In using the propensity score, one has to further rule out the perfect predictability of the treatment (overlap or common support assumption). Corresponding assumptions apply when the treatment is becoming employed.
We first estimate a probit model for the probability of becoming unemployed (i.e. the probability that the person is unemployed, given that he or she was employed in the previous year). The explanatory variables include personal factors such as age, age squared, and the level of education (dummies for medium and high levels). We also include the employer's characteristics, a dummy for small firms (less than 20 employees), and a dummy for the public sector. These variables are lagged by one period. In addition, we include lagged health status and year dummies. For simplicity, we include the lagged health score directly, rather than separate dummies for different health levels. The probit model is estimated using pooled data for the whole period.
Since the aim is to model selection on observables, we do not model unobservable individual characteristics in the probit model. The data set in the probit estimation consists of year pairs for those who are employed both in the current year and in the previous year and those who are unemployed in the current year, but were employed in the previous year.
The propensity scores are used with nearest-neighbour matching (one-to-one matching with replacement) and kernel (Epanechenikov kernel) methods when calculating the average treatment effect on the treated (ATT). 15 In particular, the self-assessed health status of those that have become unemployed, i.e. the treatment group, is compared with those employed that have a similar propensity to be in the pool of unemployed persons, but are not currently in that pool, i.e. the control group. Assuming that the health status is a cardinal outcome measure, we then calculate the average treatment effect on the treated.
An alternative measure of health impact, which takes better account of the ordinal nature of self-assessed health, is constructed using the probabilities of different levels of health. Using the same set of individuals as in the probit model, we estimate an ordered probit model for health, using age, age squared, gender, educational levels, and lagged health as the explanatory variables. Using the estimates, we calculate the probabilities of all five health levels for each individual. Using these probabilities we obtain the expected health score
. This is then used as the outcome in propensity score matching.
The above measures essentially treat the data as separate cross-sections and compare the health status of the treated and controls in each year. As an alternative, we utilize the panel aspect and use changes in health scores or expected health scores as the outcome measures, i.e. we use difference-in-differences matching (e.g. Blundell and Costa Dias, 2000) .
The first column of Table 4 shows the estimates for the probit model for becoming unemployed. As expected, higher education decreases the probability of becoming unemployed, other things being equal, and employees in small firms are more likely to become unemployed. The age effect is U-shaped with young and old employees more likely to become unemployed; the minimum is at the age of 43. Public sector employees are more likely to face unemployment, which may be related to a large share of temporary employees in this sector. In addition, lagged self-assessed health in the previous year has a negative and significant coefficient when explaining the probability of becoming unemployed in the current year. The propensity score matching is performed using the region of common support for the propensity scores, which included 405 cases of a person becoming unemployed (none off support) and 11006 control cases. 16 Figure 5 plots the distributions of the propensity scores before matching. The figure shows that for the controls the probability of becoming unemployed tends to be smaller. To check the validity of the matching, covariate balancing is tested. The results are shown in Table 5 . For all the variables the matching succeeds in making the means of the covariates close to each other for the treated and controls. 17 === FIGURE 5 HERE === === TABLES 4-5 HERE === 18 Taken together, the results based on matching confirm our earlier conclusions that the experience of unemployment as such does not have an independent influence on the self-assessed level of health, but those persons with a low perception of their health are more likely to become unemployed in the first place. In fact, it is likely that using the health level as the outcome picks up the health difference, even when lagged health is used as a variable in the estimation of the propensity scores.
A corresponding matching analysis is done for the treatment of becoming employed. In this case the data set is restricted in each year pair to those who are unemployed in both the current and past periods and those who become employed in the current period. The second column of Table 4 shows the estimates from the probit models of becoming employed. Age has an inverted U-shaped relationship with the probability of becoming employed, with maximum at the age of 35, and higher education increases the employment probability. In addition, self-assessed health in the previous year has a positive and significant coefficient. Note that because all the individuals in this analysis are unemployed in t-1, information about the employer is not available. The propensity score matching is performed using the region of common support for the scores, which includes 542 treated (18 off support) and 793 controls. Figure 6 shows the distribution of the propensity scores for the treated and controls. The treatment group tends to have a higher probability of becoming employed, which is understandable, since the control group also includes those who are unemployed for the whole data period 1996-2001. To check the validity of the matching, covariate balancing is tested. According to Table 7 , the matching again succeeds in making the distributions of the covariates similar.
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=== FIGURE 6 HERE === === TABLE 7 HERE === Table 6 reports the results. When nearest-neighbour matching is used, the average treatment effect of becoming employed is 0.061, which is statistically significant at the 10 per cent level. The ATTs with expected health as the outcome or the ones from kernel matching are not significant. 20 When we use change in health as the outcome, we again obtain the result that becoming employed does not improve health in a statistically significant way. This is consistent with our findings using difference-in-differences models. As a robustness check, we re-run the nearest-neighbour matching analyses for each year separately. (The results are not reported in the table.) The conclusions were, otherwise, similar to those obtained with the pooled data, but with health as the outcome ATT was 0.360 and significant at the 1 per cent level (t-value 8.55) in 2000, driving the result for the pooled data.
Effects of long-term unemployment
In the above analysis we have treated all kinds of unemployment in the same way. Now we examine whether the definition of "experiencing unemployment" matters for the robustness of the basic results. In this case, we define long-term unemployment as the relevant measure of unemployment experience. 21 The long-term unemployed are those persons who have been unemployed continuously at least for six months. Because selection by observable characteristics such as education is arguably more important in the case of long-term unemployment than for overall unemployment, we focus on the results that stem by using matching methods. 22 We drop the short-term unemployed from matching. Hence, we compare the health level of the long-term unemployed with the health of those who are continuously employed. The treatment is in this case being long-term unemployed in t conditionally on having been employed in t-1, and the outcome variable is alternatively health, expected health, or changes in them in t. The probit models for becoming long-term unemployed contain the same explanatory variables as earlier for overall unemployment. As expected, persons with a low perception of their health are more likely to become long-term unemployed. In addition, the corresponding analysis as earlier is done for the treatment of becoming employed after experiencing long-term unemployment. Table 8 summarizes the results. When nearest-neighbour matching is used with the health level in t as the outcome variable, the average treatment effect of becoming longterm unemployed is -0.16. The effect is statistically significant at the 10 per cent level.
Accordingly, there is some evidence that becoming long-term unemployed leads to a deterioration in self-assessed health. However, the results differ by using different measures of health, i.e. health vs. expected health and health level vs. change, and between different matching methods, nearest-neighbour vs. kernel matching.
Additionally, becoming employed after long-term unemployment does improve selfassessed health in a statistically significant way when using nearest-neighbour matching, but not when using kernel matching. The result on health is weaker when the panel dimension of the data is taken into account in difference-in-differences matching.
=== TABLE 8 HERE ===

Conclusions
We have explored the relationship between unemployment and self-assessed health. Our results show that the event of unemployment does not matter as such for the level of self-assessed health, when evaluated in a panel data setting, since the health status of those who end up being unemployed is already lower than that of the continually employed before their unemployment episodes actually start. Importantly, the matching results are similar to those obtained with simple parametric regression methods (difference-in-differences models) when the change in health is used as the outcome.
Hence, persons who have poor self-assessed health, for some reason or another, are being selected for the pool of the unemployed. This explains why, in a cross-section, unemployment is associated with poor self-assessed health. Accordingly, unemployment may merely be a veil that hides the underlying causes of poor self-assessed health.
Furthermore, we discover that the definition of "experiencing unemployment" matters somewhat for the findings. In particular, we are more likely to obtain the negative effects of unemployment on health when we use long-term unemployment as the relevant measure of unemployment experience. Note: Standard errors in parentheses. Significance: *** 1 %, ** 5 %, * 10 %. Reference group: continuously employed. Unreported control variables include age and its square, gender and the level of education in three categories. In the differenced models gender is excluded. In the RE model, individual means of control variables and starting values of lagged health categories are also included. Table 4 . Probit models for change in labour market status.
Note: Standard errors in parentheses. Significance: *** 1 %, ** 5 %, * 10 %. Koskela and Uusitalo (2006) provide an overview of the Finnish unemployment problem.
2 Crossley and Kennedy (2002) show that the response reliability of self-assessed health is related to age, income and occupation. In total, around 28% of those that respond twice to the same health question changed their response on self-assessed health. McFadden et al. (2005) note that one problem with the questions on selfassessed health is that different respondents can interpret the response scales differently. This may be a particular problem in cross-country comparisons of self-assessed health status when using data sources such as the ECHP.
In our case, that problem is less severe, because we use information from the ECHP only for one country.
3 As in all panel data sets, there is some amount of attrition between waves. 4 We have reversed the scale of the health measure in the ECHP survey to emphasise that higher numbers correspond to better health.
5 For instance, in the first wave of the ECHP from the year 1996, "top-coding" means that it is not possible to observe unemployment durations of over 12 months.
6 The same conclusion would be reached from a reverse Galton squeeze diagram where the end-point of each line is the final health level of some unemployed and the starting point is their average health while they were still employed.
7 There are only two persons who were initially at health level one. After becoming employed both of them were at level 4.
8 See e.g. Henning et al. (2003) for a discussion on this issue in another context. 9 For instance, it is a well-known fact that better educated persons are usually healthier both by subjective and objective measures (see Martikainen, 1995 , for evidence from Finland). The three education categories in the ECHP are third level education (ISCED 5-7), second stage of secondary level education (ISCED 3) and less than second stage of secondary level education (ISCED 0-2).
10 Our result that becoming unemployed is not related to self-assessed health is in accordance with the results reported by Browning et al. (2006) . They discover by using a random 10% sample of the male population of Denmark for the years 1981-1999 that being displaced does not cause hospitalization for stress-related disease.
11 As a robustness check of the basic results, we estimated the models (1) and (2), but proxied the discrete health scores with a continuous variable that is based on the observed shares of the scores (following Terza, 1987) . The estimates using the converted scores (not reported in tables) were quite similar to the ones obtained treating the scores directly as cardinal measures of health.
